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Abstract Nowadays surgical cases are recorded in the form of text. These texts contain a lot of useful
information for future analysis and data mining. Through the analysis of the structured information such as time,
region and typical symptoms of diseases extracted from a large number of surgical texts, a hospital can grasp the
overall trend of a certain kind of disease and gather much useful information for illness diagnosis. Furthermore,
for a certain patient it is also necessary to analyze and understand the historical surgical records of the patient
when determining the current surgical plan for him. Especial for lung and thoracic surgery, it is of great
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importance and practical significance to determine the specific information such as resection site, the number of
incisions and the extent of resection in the patient’s historical surgical text. Automatic extraction of the structure
information from historical surgical texts can save much time and effort for the doctor on reading and
understanding the long surgical record, which is of great significance in the medical field. This paper focuses on
automatic extraction of the number of incision in thoracic surgery cases. In order to solve the problem that the
number of incisions is always not directly described in the surgical cases and cannot be directly extracted, this
paper converts the problem of incision number extraction into the problem of text classification. Based on the
idea of text classification, the research is first carried out on sentences in the surgical records. Firstly, the
sentences describing incisions are extracted from the surgical cases (e.g. contains the word “incision”). We then
judge the incision number for each sentence based on a model built on bidirectional LSTM (Long Short Term
Memory) neural network and Attention mechanism. The word embedding is taken as input and the output is the
prediction of incision number. Finally, the total number of incisions is counted by summing up the numbers
extracted from each sentence. Considering the hierarchical relationship between words, sentences and whole
text, this paper further constructs a hierarchical model suitable for incision number extraction which can be
trained end-to-end. A bidirectional LSTM network along with an Attention mechanism is constructed for
extracting information of each single sentence as a sentence layer, and the output of the sentence layer is
filtered and then taken as the input of a paragraph layer. A LSTM neural network is constructed as a
paragraph layer, which also utilizes an Attention mechanism. And the final output of the paragraph layer is
then reduced in dimension to obtain the classification result. The experimental results show that the
accuracy of both proposed incision number extraction model are as high as 98 %, which beyond the
traditional text classification models such as SVM (Support Vector Machine) and the convolution models
such as TextCNN. And the latter hierarchical incision number extraction model has better expandability and
integrity, for there is need to separately predict the incision number for each sentence and sum up step by
step, but is trained end to end.

Key words  number extraction; text classification; LSTM; bidirectional LSTM; Attention mechanism.
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XL S A A R XXH?%%?HE —
. AR | AR
KA 0565 7 M B g e .. BT N
AN D SR A, ARl N iistv
IR0 fls P 2D V7 2R TR A
... % 5 I K R &<
B, T AR e 5
HARTBTIERT | | s ! Pl
DEE RN S NI Attention .§\
4cm Fz2em /NP B, 1 % 0|I|
BNRAE AR — 25 R Lt : .i ‘@[]
DT =R ) Attention as % 4
LR sl [ filter , N |
XAEFK. A : i : II| 53:3*3
L Zs0ml, A S5 T5pafh A i i EEES
1 NTH R G R B S R 2 2 46
B, RIRWG AR s B BiLSTM [EREN .§

VeVl

ik Za4cm .i .

Je2em/) '\

M. AT :

K. :

o hd
FARBH HFE AR BA&YI 0¥
3: FARBFIBE XU O S IHEVER
B, MWERmA, BB ATE ISP SRR EHAT softmax b3, HRASFHE | MIH

B Ko HTASCH BAR R O 5H , B EE:
BAEBEME R u AT 0GB E A
R, FRCA TR S aEe, £
SCFRH & B R AN TR AL BTRREE SCk
[23], VER AU AE f R IR 2 M 4 A s
SY10E BRI R u AR T A

V =tanh(K*W, +b,") (2)

t=V=*u (3

VO K FERZ L A TR, TR R
K A G B EERE, t BRI E
TR, R AR, WXt
kb

e =exp( t[i]) (@

0 =< 6
2.8
BB o JUERE A, SR 4
N i BB .
B SRAFVE R 2 RO
H=> K, *q
AU A B R AT R AL B, T 3459

EitipaCIibpZIIE QS RUMILIER
res =W, * H + b, (6)

y = softmax(res) (7)

Num, =argmax(y) (8)

ARILHEET word2vee Il ZRAE R4S B SCA H 1]
(3] ) EAE M LA] LSTM #4845 B8 fro N, i
TR E N 128 4, N Ed A R A LRI,
batch_size K/ E Jy 32, dropout #E% ¥ & 4 0.5,
WP R R, RGRRAERE Y 4, X
gt 1) ST softmax BTG BRAURAE, BUH MR 5
KW SAE NN TR R
313 YIHHEIH

AR DR A TMEA I, 15215
L] T BN SR B 1) Pt &5

Num = Zm: Num,
i=1
3.2 BRMHIOHMEREY
WIHTATE, BEXT AT O 70 ST R T L
BBOUAR RIS BT N HER IS5 R, (H2— T
ARE) 20 B bR G B R KRBT 5 —T5
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T, W) e 5 e 5 BN A AN 5 8 58 A
SL, MECAARIIUBEAY )RR ST AR, o T ASCRT
FH (0 Hc s o — B Ry 7 SO i B, B 1 1) 4 R )
HAZ, Anlwk bt BA — & MBI BRIt bl
Ab, AR IE S P10 AR R TR
A, WEA—E MBI, A BB i .
RUEA LA F B & TR S, )RR
BH PRI, — g T E Ao 2R R
M, HRH T AE ) S H R S A LSTM
Y attention ML, 75— THiAEE T —Aui B g (0452
B, AEHEAN AR, R ET EXIATH)
TGO AR A R A ik A1) R i e, ORAIE 1 4R e
PEo Bl A SO B G AP BRIAT A AR R, AT
S
(L BRI, B47 503 UL [ & I
(2)  HEERAWY) O E SRR, B =7 SR
AL AR ) AR REE RN i B R
SCARHIY L H T2 R

B ORASCHAE 3.2.1 T EgINAE k)0
K H PREURE A
321 FEUALYICHH PR

RO AT K H SRR AN B 3 o, BN
BB R, AT RN RSOR DA S Y)
H, R BBIT RN TR

P=[s.,S,,..5S.1S,]
T, AR H A [ R R
S, = [xl,xz,...xi,xi+1,...xn]

WIFTHTIA, X T4248 AN e 8 A) TR 13 XS
B, XA LSTM #& W2 AL RIER) 72,
AN TR A LSTM 2 348 v & 8L,
BREEANE) T LE WA LSTM JZ 40 F 5 i 4 H 1A
=, [ —#NZ, RFET HAN[25], ASCHER
I RBEEREFACAFHIVIOHEFEE, EREX
AEEHRERE B —5, KA SOGER I
AR PEELRE 0 RAF 76 85 B G I, T A R
B — AR S AT X A B Y. R
T REE T SRR HARE R SUE S, X BRI R I
i, X T HAN[25], SRAGEEAN 25 AN E 2
Jei s FEAN IR ] R A A B 2 B A H IR AR, T
SN BRI 2 4 H Sl DU L S f4:, PR 4
AR, B PR AZ RS B A RE XA
&, AAIENT:

S LSTM JZ A3 BIREA I 2
i, a1 Frid, 3% RIE R L]
TR ZI AR, WAzt (2) (3) (4) (5)
Pk . SRAFER ) Bt

att =contact(H,* a;,...H, * o, ) 9)

att =W, =att+b,,  (10)

att B4 24 HH R AN A1) 1 S &

W) R AR BOR RN . SRS
M)FRIEEEMEZ G, AT MES 2
DARAERE BSCARIE SUE . T AT H 2
WAV H, Mg F Ry A
EERARATY, PEE E Se a2 1 kAT
ERRLIE, R A = AL A )
(5 S SRS BACGE, A LRI —AME BT
AENLH, BEAbTR S HAN[25)A X 5, X d T
FEBRYT AR, Y DR ) 2 181 — & (R4 S 4 i
WEM . MbAh, WRihrgR, —BOCRHmEAYIN
R AR AT B R AE B RR AT ST,
Bl B AR AHEAN A1) (A SUHDGS 52 %8, )T IRl AR Ak
3, ARSERTJE SCZ AR U R B AEER .
R — 5, ASCAEMR A LSTM B, A AT
T HAN[25], FEAKH XA LSTM #LiiI A B A 4230
)T AR R IFA R R . R 2 Bk )=
BN, BRI Z ) N A SCA R R PR R4 )
A AHAEE, SRAFBIE 2 AN I H S P
RN EAE, PR, REE R
SCARE X, BT EEREN R

PAFH) IR LT, & at KR i M)
T A

Sen = [attl,attz,...atti,atti+l,...attn]

WER BT EIRE, A (2) (3D
(4> (5) frid, RAFHBE, FIAIMAEHETE S
g, HIEBE RSN .

Tex = [attl * oy, ..att, * o, ..att, * an]

WA Tex i\ LSTM 2, &R/ Z1 B N N A R
HIRE R, 3515 LSTM ZE& N ZIRs e, 208
AR () (3) (4 (5) HHEEZRNINE, LR
A (9 (100 Frd i B B IhLE], HABRIE
JE B A AR SRR R, Rl aiE R
B 4 2, FHLASRAEDUAS 0 2RI mT se e, A=K (6)
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(7) (8) flrid, @it softmax AbHEAS H &)
145 H e .

R B ART 2 kA A R R e, SR
%, NILFET LSTM 5 5. 3T word2vec
W GRS B SCAR R 518 (1) 3] [l 7 100 4, L[]
LSTM Ba & JZ4EE LA K LSTM JZ a5 R 4EFE i B
N 32 4k, MR EIEFE R AL EIZE, batch_size K
/NN 32, dropout MER BN 0.5, HZ&E 1
INTEREREYE, BRI AR 4, X
AT softmax oS EREGRAE, B MR RO T
SHERRRB AR KL R

4 S 44R

41 EWRE

A SCAT F A 1 1 5 e 07 $ R 00 T AR 491 4 75
BEAT SRS, AR & i AT SCHTIR R IR T N AT
P AR LR EMFARGE R, HhadsFRE
o m O, VINAE. BIERESESY)
FIAH S A5 B A K T ARG A2 b i A B A AR S5
AbFE

I E VR B R AL I BT Bl i AT R, iR
ZAF BT ARHE 3000 1, i N T BT AR
BISCABEATERED) DBCH PR “P1E 7 sl ica) it
17 V) 1 E B FRTE S 43 0 PLEAE D9 N s T
G, SRR ISR ) VR AT S50, RS
WZREE. SouRge. WAL 2 ey 3:1:1.

ARICRH Jieba? 53 1] R G SCARBEAT 431 . K
F word2vec #EA!H () CBOW #& 7%l Negative
Sampling fi#i%, 45310 J5 B SCAAE B 86 1 25k m)
] E AR Y . Word2vec 158 70 75 1] ) &)l 2k b (1) S
Y12, ERENE ORAIE B IR g 1] [ B S LE )
2% 8] HH I e 8 A R 1A T 2 A (0015 SCREALRE . 9F BLAR
Y7 ] ) R A TR NER I f. B word2vec
WSR2 WX 28 Bl 2 4E 80K /N 100, PSR
BEIEARZRNR, HAESZIR I FEH 100 4E 18R
B
4.2 JFELAREY

FEARTTRASCE S B =7 3.1 /MR IH
H H AR UBRHEAT 1 U0 DRI SRS, R T AR
XPEERER, AR 1 — L (AR 1 S ORAE
XA frs FLUOn 3.2 AN R DT il

_ Jieba. https://github.com/fxsjy/jieba

R EAT 17 S208, BT R IR B IR T 7 ) A
B, ARSOR A AR R AR R AF R LSTM 5
attention MLHIEAZ N, BISAREEAT 25 E AR
RISEG

E3C+LSTM: AT A), A48 B i S A oy
W R A & S VR NN, 3@ LSTM HLII ) 4
BRI S ) 3 AL

A3C+BILSTM: 7E FIREAIEAN |, K LTSM
ML AR LSTM HLE], @i XA LSTM AL 44
T B 9 SO ) 43 AR AL

4 3C+LSTM+Attention: 7E4 X +LSTM 7Y
St B30 attention ML, L LSTM #1485 /2% 5
attention ALl 25 & 14 g HE B 451 SCA (1) 4 AT

4 X +BILSTM+Attention : £ 4 X
+LSTM-+attention #78 ff)3Atk |, K5 LSTM #Liil ek
X E LSTM HLi@E XA LSTM #4445 5
Attention AL &5 G 14 B BUW 91 SCAR ) 43 AR AL

BASVM: NHAT 4], KB BUR B SRR
RTERHHEAT 317 LA B i) ] Bl 2. WS90 1 SCAR
BLFARIR B o« 5IRE” RS U] DR R,
R R S <o Metm S “slmeE”
FHRMEAR 5 £ 100 AMANENRFIE T, X SCARBEAT
FHETRR AR VHE A SCARRHE R 2N, Y125 SVM
BRI AT 73 T

&3C+TextCNN: AT /0], i HE B 5L
ARGy AR W B JE VRN, S5 T CNN #&
WEE AL AR, R — ARG Z DL R AN 42
FE BT R i A A5 R

AJF+LSTM: #4750 A), $EED) IR 7] 50
T R SR NN, BB ZER RN 4 SCHLSTM
HAETED, 5 E g R T 2.

A]F+BILSTM: HHT04), FEEY) CHIAA) 5y
] I A 4] n) B S AR A ON AR S5 R R 4 L
+BiLSTM BRI R AR ], o5 s 285 SR gk AT 2o

A F+LSTM+Attention: #E4T404], =IO
IR A1) 4317 e e in] ) B S AR RN, BB ZE R AN
A=3C+LSTM+attention IR RIAR R, fv e 25 St
AT EIN,

A F+BILSTM+Attention: #47404), #REY)
FH IR ) 231 FE A din] ) B Je VR NN, B 254
A4 +BILSTM+Attention HARAEUAHIR], # o 45
RHAT M.

B F+SVM: BT 4], FATA U1 R A
B AR EAT 3R FOA] ) FE I . AR B 4 R RN 4
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#*2 LR
(a) FERIDAIDAREE RS HR

ik acc. macro macro macro 4 A
F1 pre. recall  F5/E

jieba 70iA | 98.1% 98.0% 98.1% 97.2% 78.5%

HIAM | 98.3% 97.6% 98.2% 96.8%  86.9%

(b) HAYIOHBFUMEE IR

Jiik acc. macro  macro  macro
F1 pre. recall

A3+

LSTM 83.6% 433% 41.7% 452%
LSTM+Attention 933% 69.1% 69.8% 68.4%
BiLSTM+Attention | 84.5% 51.3% 59.7% 55.4%
BILSTM(TextRNN) | 85.1% 52.9% 62.1% 51.2%
SVM 83% 43.8% 455% 43.0%
TextCNN 771% 401% 41.6% 40.1%
f) T+

LSTM 912% 91.1% 933% 91.2%
LSTM+Attention 96.3% 95.6% 96.1% 95.0%
BiLSTM+Attention | 98.1% 98.0% 98.1% 97.2%
BiLSTM(TextRNN) [ 95.8% 95.1% 95.4% 94.7%
SVM 60.8% 174% 59.2% 23.4%
TextCNN 61.2% 445% 48.7% 45.2%
HAN 90.4% 845% 80.2% 89.3%
JEURAL D) AR 98.6% 97.8% 97.7% 98.1%

+SVM FHIERIAAR],  foe e 4 R EAT 2O
A]F+TextCNN: HH1T504), ¥ U)OHRA) 5
] I A n] n) RS AR O, BT 2 ) R 4 S
+TextCNN HHAH IR, #5 e 45 AT 200
ARSI T 25 P Y 1) TG AE T 26 accuracy s
F1 8% F%). precision {8 % F-¥) LA K recall {8 %:°F
BIHERVEHEDR, [R5 7 S0 25 SR s 5 A EAS
i
4.3 LWEER T

P A SC DA ) S o SR A A A, DRI DR AR
TR RS X TR S M (s . B e
T jieba oS04y T E X BT SCAHEAT 43, H
WA M FE A E E SR A word2vee LB AL A
word2phrase T B4 H — 0 iR 415 1 70 1] 45 2R

CBE I — A HE AR, HAR IR 472K
TG FE DL R s A B 28 25 ™ (3R 2 1 (a) Do

XTI O B,  Ed FEALAER 100 #1504 A
TSRS FERRAE, X TR R AL R, It
Kb A R IR DT D S BURE R R 45 2R CRERERCHS )
T RASOR B R A R

4.3.1 BERIZE XS L

HoAE a T LVE S|, G IHRA L G, ks
JEA T B MIRTE, BRIbZ Ah, FERERER DL R oAl
MR FRRR L, FR8cA B ERTE, RULAT LA N5
T ZE N S 45 BRI I AN K

B B RARSCH et A1 U0 D4 B SR EURE A 3
TEE, N TR AR BT VR R, IRAER
IY AT I (R 4 U N U RS AR T RIT AT
FRh o RHURIRIRR, X 4.2 FTETREIA R B
BRI AT SE0, AR 207 VEIEAT T A8 R B
Jei BT AR SC 2 R R 2 1 oy A A TR Ltk 9
(7, R o AR o R R B i B e I AL B
ibke, PRI 2 IR AR A Tk A7 S5 R L 06
bl 1 B LA R R R 5 o RO R, T
T8 FLAE AR IR TR B A () S A b 2 75 B[R] A AR AIE
SRR, [FIBTNS HE A D) DR U Y 5 HRN,
IIEAS SC ML B 9 Rk SEIbaE AN 2 (b) By
N

(1) ARE S H fth o A RIFI T LE

iR 2 (b) ATLLE S|, ARSCRHPIBER (F]
F+BiLSTM+Attention PAK ZE kAL DR BUELRL )
WA TIEEBEFHYI OHEMBUSE, BiAHhE
FEERIE 98%. IhAh, JEFXa LSTM Ak
BUH IR TRY ,  TE 1 1 B B SO AR o A A2 49 A1) 43
K IIAER R A FL 2 PR B TAE 4
SVM #iRL, TextRNN DL A TextCNN B2, H 757
T3 SCA b 1 &) T R ) e 4 R R A
FEA LTS s34 b, DI E 2 0 Rk 3
A ERZ, XA MAFY, @i FL.
precision LA} recall {5 7] ), SVM LA f CNN #5284
W5 B BAR AR . Seib st R, XF
W SCAR AR, R B2 T (¥ 0 28 HE B 2R 5 TR AR
St 5 A TR ) R s T THT L A% S IR ML A% 2 5T 5 5K
FANH. mHMET SVM A, LSTM BERIA
FEF RIS, EFRMAZEE, I H AT
DL 1R 110 30 5 A B K R (O B, R e LR
BhF. FTUABtEARE S AT E K RE,
LSTM #HZ8 0 26 BN LA W J7 o TR AR ST ) 3
AR, LSTM fEFAHEE I 45 b A FH i 48 0 2
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CNN ZURE 47

(2) DAFLEEEANRGISTARBN T2

MAERR MRS, iR 2 (b) B
KENTT A TN T, B B Y
BERL, HAFENEN BB OSCARE AR IR
RELF, fm i HAERRET 14% (R
LSTM+Attention ) s FARERZRIET T HA 3%
(fEf#F] LSTM+Attention i) . FHJER, A
IR 2 (b)) H R 2 AR A 3 1 8 B A\ A
Bardh ((b) W4 L +LSTM BEHY . & ¢
+BiLSTM+Attention %, 4 3C+BIiLSTM £ 1fij
T, HTREEABECAENGN, TEETF
ARG FHAER LT OMIR, BETRZ
HALS PO TR FARLE CImiseiid) , XJE
FIURAE B . 1 LA RS T 5N 7 518 5 16 i
A5 BASE AT B, FHEATURE B Rk A
1B, ISR EE RAE 522 TLRE B WTH. 1
i R A VR B NI, S R A S X U] i
ITHRMANEZR T, R TIIREE, M
AR KIREHA S TAHERMEE, L=
AR AE X P g N R AT RS W (AT
+LSTM ] F +BIiLSTM G
+BiLSTM+Attention) , Z5RILAFRKETRELR
PGS, BARERE R T HAER R &,

st FHAIMA T Attention HLHIAEAY, 7F%&
BOCARE NG DL T (& 3C+LSTM+Attention)
R LT LLUAS] 93%, M—MNHEHH T 4
SCVEE SRR A RO . T E A TR LT
(f]F+LSTM+Attention) , BIRUERHR L4
ANA—EWHA, HERE 3%. sHHEK,
Attention HLH 2 bR TR 1R 43 A 93
LG, XY T —ANIURE S ERNE, Fr
PLRIAE LA KB TURAE B SCARE RN, %
BLRRT DL H B4 BUCA 8UE B & T it T IR S
T, PR AR X AR SRS R, o A) N AR AL
IR, HAE Attention %R/ A)k N 5
HE B SR N B B 28 SR B T AR R AN 0 e Ath S 56
.

MR R A R E, SN H) T 15
KRR L T30 /B8, H F1 {A. presicion
B A K recall {57 T A% H BT —J7m, 2
R R SCAR ) 43 O ) 7 33047 5 BRI, BN
FEHZEAO0 N 140 240 3 MATHEM
SRR H AR O, SEt Ry, B

2019 £
< 3 attention R
194, ®. ONEIR

Bl@iE  E | BIEiE e Bl©in  AE
BfE 0.1486 % 0.0826 W4 0.0893
PIE 0.1283 7 0.0813 ) 0.0596
/N 0.0818 | JE /M 0.0799 [ 0.0290
i 0.0719 | fihi 0.0738 | ¥A%& 0.0198
BN 0.0454 24 0.0644 M 0.0183
T 0.0315 g 0.0639 Mz 0.0174
fafisks  0.0308 5 0.0501 ES 0.0170
A 0.0256 | A 0.0486 7K 0.0167
ffsks 00253 | M 0.0433 3cm  0.0165
PIE 0.0245 | iz 0.0370 e 0.0164

i b T 55— 7 R R R )
TN G IR A5 70 e % B A A 4 0 1) 7 35 UM A
WrH R AU O H, SRR EL, KA
5y 5% BB HR M AR 52 e, VAR S 4

g by, XTI SR BT, A AR
BB CABESRNERENR EERER
B, X ULER T EX AT A R .

(3) Attention #lFIEBIR 54

x 2 (b) BoR, BEXARAN, FH
Attention FJHEE (£3C+LSTM+Attention) B B &
i F Xt BB A fF B Attention BB R (& XX
+LSTM. &3+BIiLSTM), #2787 93%, Hiwf
frik, HJREFEERZEA Attention BE% M AT
BRORA B RERFRHAKEERE. 55,
Wk 2 (b) A FRIANMIGOL, W] LAE 23 N
= ANLE 2 5 (A)F +LSTM+Attention . AJ 1
+BiLSTM+Attention) R MA — & KIFETF.

{272, ATLMREHEIE R, BB U,
FHXUA] LSTM £ LSTM Jf11_E Attention 112
Ji (43 +BILSTM+Attention) , #ERHZRA T I %,
M 93%75 2 84%, FEHIFEH, AICNA, HTH
] LSTM WL G B R MU B E, 8
BOUARSNIEOL S, — a2 — A
SRR, AT SR TFRIPHESEAS, 53X
B RS UE BRI R, I ARIR
EAXA LSTM HLf), X — S A SC+LSTM A
54 3C+BILSTM B aT LA Y, Haifl
F LSTM AR 8 R 5 R A XA LSTM RS AL 1 3%
RITCIET . LR BT BV AR TUR S B
%2, XA LSTM AL TG SCE B 456, nlRe
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BR TUARAT BN E R IHLEI B T4, Bt DAHERR =
AT S B o

AR A BE 4, 380 T Attention
MU AR, B T 7EXUR] LSTM &5 & f 4 I LAAR
CHITHI LA BTt JE R, BB FL {H. precision
B PA K recall fE#A — EREEMEET, JLH SRR
SCARHE NI 1 Attention AL RKCE ELECHA 5

T IR IS A 2, B Attention
MU 75 BENS IE A Mo x50 R 5 4 S o B
ARSCIREL T —SSPRyT SR L HAE Attention HL
N I AU B AN, B R SR B SO A N
1@, ©. @M AMARA R, AER
PEEEE Rk 3 iR

YR L HH@, o] LG B A MR T
SCAHRER YO AT, FF FLAE T A OC B i,
bt “P1e” —inl, CAR ST O B ARSI “ e
—ii], VAREEEMGH “BEN” —id; TR 1
5B, BT IR B T SO “U10 7 Behn “ %E
KAMEE 3 MHERTZ /NI FAFRRFAFE
PRETTE T U100, T 2 /T O U EAE, BT
BASR A “YI0 7 E A, sy O
AL B AT RER RS E R, FF B AER R 3]
TAHBRBOZ IR Y] DR E A, ol <Rk
Jme) 7y “SEFMhiE” BAR “JRIRZR”; XFER 1A
#1®, "R BEIRBOSCARY, Sbr FaRA Y H
BAER, FTOA TR “in” —id, BEALIE
BAWIHAE BRI, SRR T 5]
PETERMIR, Al RNMRFYIN, B
Ja LA SEBR B3R B T A AR AT AR A AR
WERHLTT, PR B AR i A, (H A E IR
WA IOUE T ASCER LA k.

ZE I, Attention ML TE AER 2 AR Fa e 1 1)
I ERAE NN, H@dR3IUERXTIIO
AL B 4 Re e vE R L AR B, W DL S 455 i d
it Attention HLHIFRECY) AL, [RIHAE BB A
VENENRIEDL T, A LSTM Fy A7 DL K 384 i1
Attention (4= +LSTM-+Attention) F2& i A%,
MED A I GL T XA LSTM 5 Attention A1
HII4E 4 (F)7+BiLSTM+Atttention) 3 &1

(4) W[&E] LSTM #ERIHLFHIZR 547

TR 2 (b) A NI, T a)
KRB, EMANX P OB IIRER
AT T — RN E, FrAERUE BT A
PRI, R R B A 4 ) A 2 v i 2R AT A

90%LA I, 1 Attention HL I 25 R A B BOUAR KRN
s BRI S, B —ERENERA. A
RALUERERE 2 (b) HAEAKER G, XA
LSTM  #L # C %) 7 +BiLSTM . 4] F
+BiLSTM+Attention) FH R Uf, %5410 2KH
HERZE ] LLIA S 95% LA b, [FIWT i fooe e 1R
Uf, FL{H. precision {E LK% recall £ F3#(7E 95%
PLE, FHJERE, ARCIANHN, XFTEAA) T K
W, EEEBREEEMEW, HHATFHF
BRERET, GEMEXERASERELTL
FEETH, ESEAXE LSTMALE], BT LA
XJE] LSTM AL i LSTM BL A FORE 7 Ak SR 4> o
U, xR SCA, WA LSTM KL AE T,
XA Z AT (LR PR 1 SEa8 At

gi b, ERTFHANIEOLR, EH A LSTM
¥ # T Attention #L il &% & B A (A F
+BiLSTM+Attention) /2 #4F (13EF, FFHZE 4.2 /)
7 T X LA AR o RO SR A AR

(5) BRI OIREAERY

LRI SCHTRAIE (1 43 AL A R, 2 R
PR SR A A A AL ER ML, FEA) TR
R ) S PSR BB WL LSTM+Attention #1
i, EBOKERIE 4 L ESE A LSTM 458 A
LSTM+Attention MLl . 7] LLA 25256 4 JZ AL )
SEEUE A [ 7E S5 A RS EREE T A A 4
SRR, RN LB R, 7R A BT X
ELES (F)F+BILSTM+Attention), JZRALFETY FEtg
I B FREI R AR08, fEHERA{E accuracy.
H % recall FA#RTF. MIEWMRTEHT O, 2
YRR 2 vy 3 3 1), B A% R AIE AR L 25 5] 1) 52
P, RIS JEAS 5 BG4y AR T — R R AT R T 4
B PIRRIE, 7N T B ] SR ECR I Sk i e 17 1
FidR ), R AR T R 3 ot o] B e A R 41
M. FENXEE HRN FIRCR T BB 2|, A
PO E S A br AR AL, 25 b, A
T o AR H K E KA Y DR A R

(6) MO EIREER

gi b, ARSCAN, FRECFEARIRE S RIY 0%
E i B AT DL A 73 28 I8, AR SCHE SR 3 A5 2 H 1Y)
PR gl R AR 2 A A N SR |, A LSTM
5RBEANHEERFHTICEANEE (AF
+BiLSTM+Attention) 7EX/N AR ERIE . T
T XA BE#H—PRE KB XY O #BUER
FEARBR R EN, BAERMTTBEME, X
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MR ZEE G T AR A1 5 Big Z 18 2 IR
P, 3R TR L. FFH BTN
HMERREE, 0T Z AU LSTM EbA& 4t
LSTM SR T, 1)+ (RIS AR A R EAHAF
TEAG BAR G, R e en A1 s T 5 Bt
JEFEL LSTM EAb#E. [FIEfEH Attention #1
i, AR AR R0 T I ) 0 H 1 OGBS ) R 4
A ER BRI P SCA B U0 1 EH v
% n ik 2] 98.4%.

g
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Background

The problem discussed in this paper is related to the fields of
text extraction and data mining. Text extraction and text
information structuring has become a research hotspot in the
medical field. With the help of extraction of structured
information from medical texts, the doctors can effectively save
time and energy on reading and understanding the long text,
and spend more time on diagnosis and treatment plan for the
patient. But if only rely on manual extraction of structure
information from the surgical cases, it will consume a lot of
manpower and material resources.

An effective method for solving this problem is to design
rules based on regular expression or using entity extraction
algorithm based on CRF to realize automatic text extraction. A
common problem of these algorithms is that the method of rule
matching can only extract the key information in the text, and it
is difficult to quantify the information, and for complex case
description text, text matching rules are difficult to design.

In order to solve this problem, we take the extraction of
the number of incisions in thoracic surgical cases as example,
using the idea of text classification to extract the number of
incisions. Through our classification model based on deep
learning constructed in this paper, we find that the accuracy of
extracting the number of medical text incisions can reach 98 %,
and also has better performance in terms of data stability than
those methods based on rule designing or those traditional
SVM-based classification models.

The authors of the paper have done lots of research on
text extraction and natural language processing, like Web entity
extraction (please refer to[26]). They proposed a novel
framework called WebNLP which enables bidirectional

integration of page structure understanding and text

understanding in an iterative manner in IEEE TKDE (please
refer to [27]).
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